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Abstract
The application of biomechanic and motor control models in the control of bidedal
robots (humanoids, and exoskeletons) has revealed limitations of our understanding of
human locomotion. A recently proposed model uses the potential energy for bipedal
structures to model the bipedal dynamics, and it allows to predict the system
dynamics from its kinematics. This work proposes a task-space planner for human-like
straight locomotion that target application of in rehabilitation robotics and
computational neuroscience. The proposed architecture is based on the potential
energy model and employs locomotor strategies from human data as a reference for
human behaviour. The model generates Centre of Mass (CoM) trajectories, foot swing
trajectories and the Base of Support (BoS) over time. The data show that the
proposed architecture can generate behaviour in line with human walking strategies
for both the CoM and the foot swing. Despite the CoM vertical trajectory being not
as smooth as a human trajectory, yet the proposed model significantly reduces the
error in the estimation of the CoM vertical trajectory compared to the inverted
pendulum models. The proposed model is also able to asses the stability based on the
body kinematics embedding in currently used in the clinical practice. However, the
model also implies a shift in the interpretation of the spatiotemporal parameters of the
gait, which are now determined by the conditions for the equilibrium and not vice
versa. In other words, locomotion is a dynamic reaching where the motor primitives
are also determined by gravity.
1 Introduction
Owing to the development of bipedal robots and medical technologies for locomotor
disabilities, there is an exponentially growing surge of interest in the bipedal
equilibrium [7, 9, 20, 30, 40, 50]. The earlier systematic investigation on locomotion
strategies identified the pelvic rotation, pelvic tilt, knee stance flexion, lateral
displacement of the pelvis, foot and knee mechanisms as parameters (gait
determinants) that characterise the human locomotion and differentiate pathological
behaviours [40]. Subsequently, the works focused on the analysis of the dynamics
1/21
based on the inverted pendulum model for bipedal locomotion, while the gait
determinants were gradually set aside due to their qualitative nature [20, 50], models
derived from the inverted pendulum model are currently deployed for both the
analysis of human behaviour and bipedal robots controllers [5, 7, 14, 20, 38, 50].
The inverted pendulum does not accurately model the dynamics for step-to-step
transition [20]. Therefore, models like the Zero Moment Point (ZMP) and the
extrapolated Centre of Mass (XCoM) are required for the extension of the inverted
pendulum model to human-like locomotion (i.e., not constraint to the sagittal plane)
by identifying the synchronization condition between the legs in the
task-space [5, 10, 16, 20, 36, 50]. However, these models require local optimisation
algorithms to plan the walking trajectory in the task space, making the process
computationally expensive for highly redundant mechanisms [5, 7, 22, 35].
In this paper, we propose to apply a recently published analytical model of the
potential energy generated by an anthropometric bipedal walker for the formulation of
a planner in the task-space [43, 44, 47]. The potential energy model allows to define a
posture-dependent reference frame called Saddle Space that is aligned with the
principal directions of the potential energy surface, as shown in Figure 1a. The y-axis
of the Saddle Space (ySaddle) is aligned with the principal direction between the three
fixed points of the Saddle, and it includes the biped in the segment between the two
feet where there is a stable dynamics [47]. On the other hand, the biped is always
unstable along the x-axis, xSaddle [44–47].
The proposed task-space planner for straight walking can generate human-like
trajectories, and it has been validated using the human motion capture data. This
study aims to further the understanding of human locomotion motor control for the
improvements of motor control models and rehabilitation therapies. Therefore, the
choice to initially focus on a straight walking task has been based on the empirical
evidence that humans have dedicated alignment strategies for locomotion, which are
usually separated by a quasi-straight walking path [42]. The planner integrates
commonly used parameters such as the XCoM and Base of Support (BoS) to evaluate
stability from the locomotion kinematics. Furthermore, Lyapunov’s stability analysis
confirms that the BoS is a good cautionary estimation for the Region of Attraction.
2 Materials and Methods
The planning algorithm is described in the first subsection, and includes both the
generation of the Centre of Mass (CoM) and feet trajectories. It is observe from
Figure 1a that the proposed method relies only on the Cartesian distances between
the CoM and the two Centre of Pressures in the feet (COPs), which are the fulcra of
the two pendula [44, 47]. The methodology used in the evaluation of the planner
performances is introduced at the end of the section.
2.1 Straight Walking Planning Algorithm
The transverse trajectory of the CoM is obtained by modelling its motion as a
harmonic oscillator that moves at a constant speed. The planning algorithm divides a
2π cycle of the oscillator into four phases based on the 3 fixed points of the potential
energy surface (2 maxima and 1 saddle point [44, 47]). This cycle is exemplified in
Figure 1b, and every phase is associated with a via point, as follows:
1. Left Foot Via Point (LFvp): It is defined as the desired maximum amplitude of
the mediolateral trajectory at the chosen walking velocity during left support,
which occurs when both feet are aligned on a segment perpendicular to the
walking direction.
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2. Left-to-Right Saddle Via Point (LSvp): It is defined as the desired saddle
position associated with the chosen walking speed. The position of the saddle
point is selected under the hypothesis that both pendula have the same
maximum length; thus placing it in the middle of the segment connecting the
two CoPs [44, 47].
3. Right Foot Via Point (RFvp): It is the equivalent to LFvp for the right support
phase.
4. Right-to-Left Saddle Via Point(RSvp): It is defined as the position of the saddle
during the transition from right to left support.
The recursive algorithm presented in Figure 1c has been derived from the equation to
describe the CoM trajectory in the traverse plane in [47]. However, the architecture
proposed requires also the identification of the required inputs and parameters, which
can be obtained from the human motion capture data as explained later.
Marker set, CoM, CoP and BoS:
The anthropometric parameters and the spatiotemporal parameters of the gait (e.g.,
the step length, dSL, and step width, dSW ) are obtained from the KIT whole-body
human motion databases (KITDB) [28]. The marker set and the method employed to
calculate the CoM were derived from the four Iliac Markers. Hence, the CoM is placed
in the middle of the segment connecting the frontal and the rear centres of the pelvis
as defined by Iliac markers. Similarly, the CoPs are calculated as the mid-point along
the segments joining the middle of the metatarsus (based on the two metatarsal
markers) and the heel marker. It shall be noted that the CoP is defined as a
geometrical point within the foot in our model, and it has been chosen based on its
measure during standing reported in [14, 45, 47]. The Base of Support (BoS) is
introduced in our formulation in order to represent the range of motion of the CoP in
the foot (≃ ±10 cm in the anteroposterior direction) [47].
2.1.1 CoM Trajectory Planning:
The desired task-space CoM trajectory generation is based on the following
equations [44, 47]:


xCoMd(t) = vdest
yCoMd(t) = Ay cos(πω0t+ φ)
zCoMd(t) =


hCoML(t), if Left Support
hCoMR(t), if Right Support
(1)
where vdes is the desired walking speed, t is the time, and the other parameters are:
1. ω0 = vdes/dSL is the step cadence, where dSL is the step length.
2. φ is the gait phase at t=0, and it is derived as follows
(a) φ = 0: The CoM moves from LFvp to LSvp.
(b) φ = π/2: The CoM moves from LSvp to RFvp.
(c) φ = π: The CoM moves from RFvp to RSvp.
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(d) φ = 3π/2: The CoM moves from RSvp to LFvp .
3. Ay = dSW /(2πω0dSL) is the mediolateral amplitude of the CoM movement,
where dSW is the step width. This formulation for Ay is obtained by imposing
the trajectory of the CoM tangent to ySaddle during the step-to-step transition
to maximise the stability [43, 45, 46]. This condition guides the CoM lateral
trajectory along the segment connecting the two feet while passing for the saddle
point during the double support.
4. zCoMd(t) depends on both the support foot of the gait phase and the length of
the pendulum generated by the leg:
(a) hCoML(t) = (hLP (t)
2− (xCoMd(t)−xLCoP (t))
2− (yCoMd(t)− yLCoP (t))
2)0.5
where xLCoP (t) and yLCoP (t) are the coordinates of LCoP .
(b) hCoMR(t) = (hRP (t)
2− (xCoMd(t)−xRCoP (t))
2− (yCoMd(t)−yRCoP (t))
2)0.5
where xRCoP (t) and yRCoP (t) are the coordinates of RCoP .
where both leg lengths, hLP (t) and hRP (t), depend on the ankle strategies.
Lastly, the anteroposterior trajectory of the foot is derived based on the hypothesis
that the CoM stays on ySaddle also during the swing, where the bipedal structure has
a stable dynamics (Figure 1a) [44,47]. Therefore, its trajectory is determined based on
the condition that its CoP lies on the line connecting the CoM to the CoP that
provides support [44, 47], which results in the following equation:


xLCoP (t) =
dSW
mS//(t)
+ xRCoP , Right Stance
xRCoP (t) =
dSW
mS//(t)
+ xLCoP , Left Stance
(2)
where mS// is the slope of ySaddle.
2.1.2 Regression of Step Length and Step Width from the KITDB:
The analysis of the data from the KITDB, corroborated by the literature, shows a
linear relationship between the walking speed and the step length (dSL) [8, 14, 19, 33].
On the other hand, the step width (dSW ) shows a more complex highly variable
behaviour, which has been connected to both the lateral stabilisation and the energy
optimisation of the gait strategies [8, 19].
The data from the KITDB employed for this work includes 58 straight walking
trajectories, which are collected from 6 different subjects (4 males and 2 females) [28].
Their statistical distribution of age, mass and height are (mean ± std) 25± 2 years,
63.3± 10.3 kg, and 1.79± 0.10 m.
Our model for the selection of the step width is shown in Figure 2a, and it is
described by the following equations:
dSW (vdes) =


0.22 (m), vdes < 0.6 (m/s)
−0.2128vdes + 0.3456 (m), o/w
0.10 (m), vdes > 1.1 (m/s)
(3)
where the R2 of the KITDB data regression is 0.157. It is worth noticing that despite
the linearity of the relationship between the mean step width and the velocity, the
high variability of the step width in human data determines the low R2 value.
The step length model expressed as half of the step length represents the distance
travelled by the CoM in the anteroposterior direction in each of the four phases
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introduced above. The result of the linear regression used for the generation of the
reference behaviour as shown in Figure 2b can be defined as:
dSL/2(vdes) =
dSL(vdes)
2
= 0.1802vdes + 0.1351 (m) (4)
where the R2 of the KITDB data regression is 0.98.
2.1.3 Ankle Strategies and CoM Vertical Trajectory Planning:
The ankle strategies are widely regarded to have a fundamental role in both balance
and gait efficiency [1,11,16,19,26,31,32,50]. Therefore, we have decided to investigate
the hypothesis that the CoM vertical trajectory error in the inverted pendulum can be
mitigated by accounting for the ankle postures in accordance with the following
equation:
∆hTO/HS(t) =
{
2dh sin(θTO(t)/2), if Toe-Off
2dh sin(θHS(t)/2), if Heel-Strike
(5)
where dh = 0.1 m is the distance of the CoPs from the anterior and the posterior
centres of rotation of the foot during Toe-Off and Heel-Strike (HS), respectively [14].
Moreover, θTO and θHS are the trajectories of the angles between the feet’s soles and
the ground during TO and HS respectively, and they are described at the end of this
section. Hence, the length of the pendulum is modeled as follows:


hRP (t) =
{
lp +∆hRTO/HS (t), during TO/HS
lp, otherwise
hLP (t) =
{
lp +∆hLTO/HS (t), during TO/HS
lp, otherwise
(6)
where lp = 0.57hbody is the length of the pendulum based on anthropometric
measures [52], and ∆hLTO/HS is defined in equation (5).
The parameters required for the generation of the ankle strategies are calculated
based on the desired amplitude of the CoM vertical trajectory at the chosen walking
speed. This relationship between the vertical amplitude and velocity is obtained from
the KITDB, as follows:
∆ZCoM (vdes) = 0.02656vdes + 0.002575 (m) (7)
where R2 of the KITDB data regression is 0.2015. It is worth noticing that the
relationship between the ankle angle and the velocity is characterised by the
variability of the human data as evident from its low R2 value. Furthermore, the
behaviour observed is similar to the one observed in [33]. Hence, equation (7) is used
to determine the following parameters required to calculate the θHS(t) and θTO(t).

tHS =
1
2ω0
− dh(1−cos(θHS))vdes + t0
lp0 = ((lp −∆ZCoM (vdes))
2+
+(xCoMd(tHS)− xCoP0)
2
+(yCoMd(tHS)− yCoP0)
2)0.5
Max(θTO) = 2 arcsin(
lp0
2dh
)
(8)
where Max(θHS) is the Heel Strike angle provided as an input, t0 is the starting time
of the current phase, and xCoP0 and yCoP0 are the coordinates of the CoP before the
starting of the TO, as shown in Figure 3a.
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The trajectories of the ankle angles have been modelled for both TO and HS
strategies with the error function (erf) available in Matlab (Mathworks Inc), as follows:


θHS(t) = −Max(θHS)× erf(
(t−tHS)
0.11 +
+Max(θHS)
θTO(t) =Max(θTO)× erf(
(t−tHS)
0.11 )+
+Max(θTO)
(9)
where tHS is the instant where the sigmoid curve is centred at the HS, Max(θTO) is
the TO angle when the HS occurs and Max(θHS) is the desired HS angle that is
provided as the input. A sample trajectory for the TO strategy is shown in Figure 3b.
2.1.4 BoS Geometry
The analysis of the system stability is based on the BoS definition that guarantees the
necessary condition for stability and its borders are the Margins of Stability
(MoS) [44, 47]. In other words, it describes the regions where the system can be
stabilised in the absence of external perturbations. The BoS model used in this work
has been proposed in [44, 47] and validated data in [43]. The BoS model in saddle
space coordinates:
BoS ≤


y2S + x
2
S = (YsLF )
2, if yS ≥ 0
& xS ≤ +dh
y2S + x
2
S = (YsRF )
2, if yS ≤ 0
& xS ≥ −dh
Otherwise:
xS = +dh, if xS ≥ 0
xS = −dh, if xS ≤ 0
(10)
where (xS , yS) are the coordinates in the saddle space, YsLF and YsRF are the
coordinates of the left and right CoP in the Saddle Space. The BoS can then be
projected in the TS using the following relationship:
[
xTS
yTS
]
= R(λ)~xS + ~xS0 =
=
[
cos(λ) −sin(λ)
sin(λ) cos(λ)
] [
xS
yS
]
+
+
[
xS0
yS0
]
(11)
where λ is the angle between xTS-axis and the xS-axis.
2.2 Stability Supervision
The stability analysis for bipeds has always been a challenging problem. Particularly,
the unavailability of an appropriate dynamic model that can fully capture the complex
human-like bipedal locomotion makes it difficult to define the general stability criteria,
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used in the trajectory planning [4, 12, 15, 20, 23, 27, 38, 50]. For example, the ZMP
model evaluates the foot placement which is then used to compute the desired CoM
trajectory with a stabilisable behaviour via optimisation algorithms [7, 35, 38]. We
proposed two kinematic based stability criteria in this work to evaluate if a movement
is compatible with the stability. Hence, they can be used either for the definition of
constraints for motion planning optimisation algorithms, or for the stability evaluation
from the movement kinematics.
2.2.1 XCoM and Step Stability
The step stability during walking is evaluated using the XCoM stability criterion and
the maximum reachable distance. In fact, the XCoM allows to identify the minimum
step length required for walking at a certain speed [14–16]. Therefore, it helps to
define the criterion for the step stability as shown in Figure 2b.
dSL/2 ∈ (dSL/2min =
vdes
2wn
, dSL/2Max) (12)
where wn is the natural frequency of the inverted pendulum; dSL/2min is half of the
minimum step defined by the natural frequency of the pendulum; dSL/2Max is half of
the maximum step that can be performed by the biped. This allows us to establish the
following metrics for the step stability:


SSLPend(t, vCoMp) =
MdSL/2(t)−dSL/2min(vCoMp)
dSL/2(vCoMp)−dSL/2min(vCoMp)
SSLJump(t, vCoMp) =
MdSL/2(t)−dSL/2Max(vCoMp)
dSL/2(vCoMp)−dSL/2Max(vCoMp)
(13)
where vCoMp is the walking velocity, MdSL/2 is the half-step length expected as from
the biped and dSL/2 is the desired behaviour. In summary, equation (12) describes
how to define the stable step length strategy for a generic bipedal structure. On the
other hand, equation (13) evaluates the selected strategy against an optimal strategy
thus providing a quantitative evaluation of the distance from the margins of stability.
2.2.2 Mediolateral Stability
The ML stability evaluation is commonly based on the criterion that the CoM has to
be constrained between the two CoPs in the ML direction [16, 24, 29, 51, 53].
SSW (t) = 1−
2|yCoM(t)|
dSW (vCoMp)
(14)
2.3 Stability Analysis: Relationship between BoS and
Dynamic Stability
To study the stability in the general case, let us consider the system energy described
by the following equation:
E = U +K +W + EP (15)
where U is the potential energy of the CoM, K is the kinetic energy, W is the active
work, and Ep are the external perturbations. Therefore, the condition for achieving
stability in a desired posture is:
Max(W ) ≥ UMoS − UCoM −K − Ep (16)
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where UCoM and UMoS are the potential energies at the current CoM position and
expected intersection with MoS, respectively. If the condition in equation (16) cannot
be satisfied, then the system cannot reach a static equilibrium in the existing feet
posture, and it should be reconfigured. In other words, a biped is stable as long as it is
able to actively adsorb the excess energy (equation (16)) to stop in the current feet
posture, or if it can implement a stable locomotor strategy as described in equations
(13) and (14). In conclusion, equation (16) enables to compute the region of attraction
that the bipeds can generate around its CoM for a given posture. Further, it serves as
a tool for the analysis of movement stability that can be represented as a continuous
transition between stable postures.
2.3.1 BoS as Region of Attraction
The region of attraction can be defined as the set of points where the system is
Lyapunov’s stable [25, 27]. If we choose equation (15) as Lyapunov’ s candidate, then
the system is stable if and only if the following condition is satisfied:
E˙ = U˙ + K˙ + W˙ + E˙P ≤ 0 (17)
in the absence of the external perturbations. The condition for Lyapunov’s stability of
a trajectory (C ) between the points A and B is:
WC ≥ U(B)− U(A) +K −Kdes (18)
where WC is the maximum energy that the system can actively dissipate along C, and
Kdes is the kinetic energy of the desired trajectory.
2.3.2 BoS as Regions of Finite Time Invariance
The region of attraction theory is valid for time-invariant systems, while our model is
time variant because the potential energy depends on the body configuration.
However, if the system is considered as time-invariant for small time intervals, then
this set of points can be defined as a Region of Finite-Time Invariance [25]. This
method is commonly used for the control of systems in highly unstructured
environments, which can be accurately predicted for short periods of time [25]. Thus,
using the BoS as the set of reachable stable points at a given configuration, the
gravitational forces can be regarded as time-invariant within the BoS at every instant.
Consequently, the BoS considered as a Region of Finite-Time Invariance, and the
instantaneous stability can be evaluated using equation (18).
2.3.3 E-BoS for Global Stability and I-BoS for Local Stability:
The regions of attraction and finite time invariance allows to evaluate the stability of
the system used in different scenarios.
The region of attraction is more suited for analysing the global stability of a task
because it allows the estimation of the margin of stability for the chosen end-posture.
Hence, it provides the expected region of attraction (Expected BoS, E-BoS) for a
future posture. Instead, the control of the trajectory requires to consider the local
stability conditions that take into account both the local dynamics and the
unforeseeable perturbation. Therefore the Region of Finite time-invariance
(Instantaneous BoS, I-BoS) is required for carrying out such evaluation.
An example of the locomotion-related scenarios that allows understanding the
difference between E-BoS and I-BoS is:
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• Unperturbed walking on a flat surface: This being a deterministic walking
condition, there are no unpredictable external factors; hence, the E-BoS is a
sufficient condition for stability.
• Perturbed gait : People walking in everyday living environments are subject to a
multitude of perturbations that cannot be predicted during planning. If we
consider an unexpected push from behind, it introduces an unforeseeable
increase in the kinetic energy along the forward direction. Hence, the I-BoS
provides local information required for equation (18) to evaluate the system
stability and to plan a response strategy in the altered state.
2.4 Simulations
The simulations have been conducted with Matlab 2016 (Mathworks inc., USA)
running on a Lenovo Y50 equipped with an Intel i7-4700HQ and 16 GB of memory.
The simulation time is calculated with the run and time function included in the
software. The time step used in the simulations is 80 ms, which is based on the fastest
Central Nervous System (CNS) response time to balance the perturbations [26, 31].
The simulations have been performed at velocities of 0.7, 1.0, 1.2 and 1.6 (m/s).
The HS angles used are 5, 10 and 15 (deg). The feet postures have been selected to
have the initial gait phase (Phase0) equal to 0. The mean values of the KIT data are
used for the body height and the mass parameters. The simulations have been
executed for 2 steps or 1 stride, which leads to a change of gait phase from 0 to π, as
shown in Figure 13. An additional set of simulations has been performed with the
Matlab timing function to evaluate the planning time for 1 and 10 consecutive strides,
which includes the stability evaluation with equations (13) and 14. Furthermore, the
planner also calculates the gravitational forces and the MoS calculated with the model
presented in [44, 47].
3 Results
The results show that our model can reproduce the desired behaviour along the AP
(Antero-Posterior) direction as shown in Figure 2b), while the behaviour along the ML
(Medio-Lateral) direction as depicted Figure 4a, is within the human variability.Where
it is shown that our planner can produce a behaviour which is compatible with human
data from both the KITDB and Orendurff’ s data [33]. Furthermore, the vertical
trajectories (Figure 4b) are sufficiently accurate for lower speeds, but they extend
beyond human variability at the higher velocities. Proving how the ankle strategies
allows humans to increase both the efficiency and the stability of their locomotion.
Specifically, the increased length enables the CoM to reduce the inclination of the leg
required to follow the desired trajectory on the transverse plane, thus minimizing the
muscular effort via a more efficient redirection of the gravitational force through
skeleton. Nevertheless, the error in tracking the vertical displacement of the CoM is
significantly lower than the results obtained with a rigid pendulum. Although, the
ankle strategies selected significantly improve the CoM vertical trajectory as shown in
Figure 5, they are still not as smooth as the human cycloidal trajectories.
Furthermore, the comparison between a trajectory from the proposed planner
(Figure 6a) and a human trajectory from KITDB (Figure 6b) shows that human
planning is consistent with our planner output. The human data also shows that the
BoS tracks the movements of the CoM allowing the trajectory to occur on a funnel of
points of equilibrium, which is a necessary condition for the Lyapunov’s Stability.
Lastly, there is a small portion of the trajectory which occurs outside of the BoS.
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Nonetheless, it does not compromise with the global stability of the system, because
the swinging leg can reconfigure the system fast enough to drive the state back into
the region of attraction before the foot landing occurs. These results suggest that the
proposed model captures human planning strategies for both straight walking.
4 Discussion
The obtained results indicate that it is possible to produce a computationally
inexpensive human-like planning for straight walking using the Saddle Space model
proposed in [43]. They also support our hypothesis that the divergence of the inverted
pendulum model from the human behaviour can be justified by the presence of the
ankle strategies. Although a simplified model used for the TO and HS movements
does not provide an accurate human-like vertical trajectory, it can still generate a
potential energy variation coherent with human behaviour, as shown in Figure 4b.
4.1 Proposed Stability Metrics
The proposed stability metrics in this manuscript prove that is possible to evaluate the
gait stability from the movement kinematics. Equation (13) combines the standard
metrics in the kinematic constraints determined by the maximum reach of the leg with
the dynamical constraints of the inverted pendulum models. Figure 2b shows how the
planned strategy, that it is perfectly superimposed on the human reference behavior, is
constrained from these conditions. Therefore, we can confirm the possibility of
achieving a stable bipedal walking with a sufficiently long step length where the step
frequency (candence) is greater than the natural frequency of inverted pendulum and
smaller than the maximum reach of the leg. However, the legged locomotion is still
achievable beyond the maximum reach of the legs using different strategies (i.e.,
running and jumping ). The other strategy described in equation (14) uses the step
width and lateral excursion of the CoM to evaluate the mediolateral bipedal stability.
Figure 4b elucidates that the human data from the two different datasets show the
same trend of a slightly higher stability margin at higher speed. The numerical values
obtained with the proposed planner are congruent with the range of variability
observed in both data sets.
4.2 Considerations on the results generality
Although our results are limited to the straight walking, the following general
observation on to human locomotion can be ascertained:
• Human legs movement tends to synchronize with the CoM trajectory that shifts
the CoM close to ySaddle. TSimilarly, the step to step transition tends to be
along the direction of ZMP that simultaneously controls the angular
momentums. [36–38,38, 53]. Furthermore, the alignment of gravitational forces
with ySaddle maximises the efficiency of the movement.
• Adequate planning and control of the ankle strategies drastically improves both
the stability and efficiency of walking because they have a significant effect on
the system energy expenditure. This observation is also supported by the other
studies [1, 4, 19, 26, 50].
• Our results also suggest that humans plan locomotion based on the
predetermined optimised strategies. This is in agreement with the current motor
control theories based on the observations that human movements are generated
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from a collection of stereotyped movements called dynamic primitives, which are
influenced by external attractors [2, 17, 21, 54]. Therefore, the identification of
simple kinematics parameters that allow reproducing a human-like walking
suggests that locomotion can be regarded as a reaching task which is based on
the dynamics constraints.
4.3 Integration in the Hierarchical Control Architecture
Human motor-control seems to rely on a hierarchical control architecture. The higher
modules take care of complex action planning in the task space, and operate at low
frequencies. While descending the hierarchical structure, we encounter faster modules
which plan and control less complex actions accordingly to the directives of the higher
controllers [1, 3]. The proposed method provides a novel approach to the higher level
planning for human locomotion, which was not feasible with the previous models.
Instead, our model allows to reduce the space of solution for the joint space planner
via the introduction of constraints derived from the characterization of the
gravitational force field. In other words, the proposed analytical model allows us to
identify the desired foot movement for a given CoM trajectory or vice versa. This
imposes constraints in the joint space and limits the number of available solutions.
The identification of the via points also potentially allows the integration of
obstacle avoidance with the step planning via a modified version of elastic bands
method proposed for autonomous robot navigation [3, 39]. Such approach should
produce a more human-like behaviour in navigation, where humans often diverge from
the theoretically optimal trajectory [42]. Figure 4b also implies that the energy cost of
a step is greatly affected from an inefficient ankle strategy. This leads us to
hypothesise that it is better to implement a suboptimal navigation trajectory towards
the final desired posture rather than computing a highly optimised navigation, which
may also be invalidated by unforeseeable changes in the environment. For example, it
has been recently observed how humans plan their navigation considering the final
position of orientation. Therefore, they can converge gradually towards the desired
trajectory without having a disrupting effect on their locomotion strategies [42].
This theory is also supported by clinical data, which show the underlying
relationship between balance and locomotion [13, 16, 18, 24, 41]. However, previous
models identified balance as a consequence of the physiological gait parameters rather
then the cause. Therefore, reconsidering the rehabilitation approach under this new
insight may result in a better activation of the brain neuroplasticity.
4.4 Limitations and Future Developments
The proposed planner is the first step in the development of a task-space planner for
bipedal locomotion by taking the advantage of the intrinsic dynamics of the bipedal
structure. However, the current results are limited to a simple task, and they do not
take into account either for joint planning or multiple locomotion strategies. Thus
further investigation is required to confirm our preliminary results and to validate the
extendibility of this approach to different strategies. In the next phase, we will
integrate our proposed model with a joint planner as proposed in [48, 49] and evaluate
the performance.
5 Conclusion
The proposed bioinspired task-space planner for straight walking has been proven to
produce accurate human-like trajectories. This study allow us to identify that the low
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variability behaviours (e.g. Step Length and CoM Transversal Trajectory) are mainly
driven by the task-space planning, while the high variability is regulated by the lower
controller to manage the local stability and optimisation (e.g. Step Width and vertical
CoM trajectory). Furthermore, it also defines and validates methods for the stability
supervision and analysis that relies only on the kinematics states. Furthermore, they
allow us to explain how we can estimate the balance of other human beings from they
locomotion kinematics.
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(a)
(b)
(c)
Figure 1. The Saddle Space and the generation of a recursive algorithm for bipedal
locomotion planning. (a) The Saddle Space frame has the y-axis aligned with the
principal direction connecting the two fulcra (RCoP and LCoP ) and the x-axis lying on
the other saddle principal direction. (b) The proposed planner relies on the deployment
of the potential energy fixed point to generate the desired trajectories for both the
CoM and the swinging foot. This constrains the CoM trajectory to lie on ySaddle that
nullifies the gravitational forces perpendicular to the CoM trajectory on the tangent
plane [43, 44]. (c) The proposed planner inputs are the initial feet position, the desired
velocity, the body height, the mass, the desired HS angle when the foot hits the ground
and the number of steps to be simulated. The planning algorithm derives all the other
parameters from the inputs. For example, Phase0 which is the initial gait phase, and the
natural frequency of the inverted pendulum (ωn). Subsequently, the recurrent module
starts and plan the selected number of steps.
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Figure 2. (a) The Step Width (dSW ) model is derived from the regression of motion
capture data (MoCap Data) from KIT Data Base, and saturation in both high and
low walking speeds. (b) The region of admissible Step Length (dSL) extends along the
abscissa up to the XCoM limit of stability, and its border along the y-axis is determined
by the maximum reachable distance dSL/2MAX . They intersect at the peak velocity of
about 3 [m/s], which is consistent with the results reported by Patnaik et al [34].
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Figure 3. (a) The elongations of the pendulum lengths required for reaching CoP0 and
CoP1 are derived from the length of the circumference chord, which is centred in the
pivoting points with the ground and has a radius dh = 0.1 m. The pivot has been placed
in the heel during the HS, and it is located in the articulation between the metatarsus
and the phalanges during TO. (b) Sample trajectory of the TO angle.
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Figure 4. (a) The evaluation of the planner’s performance along the mediolateral
direction has been conducted by evaluating the minimum of the lateral stability. (b)
The introduction of the ankle strategies can justify the discrepancy in the vertical CoM
trajectories between the human behaviour and the inverted pendulum model.
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Figure 5. The trajectories of the CoM vertical movements generated from the pro-
posed planner show how the regulation of the ankle strategies during both Toe-Off and
Hill-Strike can significantly alter the CoM trajectory. Although the CoM oscillation
amplitude is much closer to human behaviour than traditional inverted pendulum mod-
els, an improvement in ankle strategies model is still required to obtain a cycloid shape
observed in human trajectories [6].
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(a) (b)
Figure 6. (a) The planner output between the right and left foot via points shows
how the movement strategy allows to generate a funnel of stable points between the two
legs. The generation of such funnel is necessary for the existence of a stable trajectory
leading from one point to the other. (b) A human trajectory from the KITDB is shown to
exemplify how the CoM moves towards a trajectory that is consistent with our planner
before approaching the saddle via point. The analysis of KITDB data also suggests
how humans may desynchronise the swinging leg to deploy the gravitational force to
accelerate and decelerate the CoM. In conclusion, the comparison between the output
of the proposed planner (a) and a human trajectory (b) supports our claim that the
proposed architecture can produce human-like task-space planning for straight walking
trajectories.
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